Abstract. While there is growing interest in in-line measurements of paper making processes, the factory environment often restricts the acquisition of images. The in-line imaging of pulp suspension is often difficult due to constraints to camera and light positioning, resulting in images with uneven illumination and motion blur. This article presents an algorithm for segmenting fibers from suspension images and studies the performance of Wiener filtering in improving the sub-optimal images. Methods are presented for estimating the point spread function and noise-to-signal ratio for constructing the Wiener filter. It is shown that increasing the sharpness of the image improves the performance of the presented segmentation method.
Introduction
The paper industry has recently shown increasing interest in the in-line measurements as they could provide information on the state of the process on-line, making it possible to control the process while the product is still forming. Reliable on-line estimates could be used for process optimization, automation and avoiding breaks and delays in the process. However, accurate on-line measurements are difficult to obtain due to restrictions to camera and illumination, low contrast of many of the measured particles and the execution times required for timely measurements.
There are methods for obtaining certain measures related to the papermaking process and the quality of the end-product. Sitholé and Filion compare quality measurements of recycled pulp [12] . Wang and Hubbe [13] propose a method for measuring the electrical properties of fiber surfaces [13] and Saarela et al. [11] use a streak camera for measuring the fines content of pulp with unknown consistency. These methods, however, tend to be specific for a certain measurement and are often performed on pulp sheets in laboratory conditions. Among the most important factors affecting the quality of the end product are the properties and formation of the fiber web. The characteristics of the fibers have a significant effect on the quality of the pulp and the end product. For example, the length and coarseness of fibers affect the flocculation (the forming of mass concentrations within the suspension) and the mobility of the fibers, both of which are factors in the uniformity of the suspension and the extent the suspension uniformity can be altered. [10] Before it is possible to make measurements of the fiber characteristics, the fibers need to be segmented from the suspension images. The low contrast and varying intensity values of the pixels depicting fibers cause thresholding and traditional edge detection methods to perform poorly.
This article presents an approach for fiber segmentation from pulp suspension images, which is a part of a fully automated system of pulp flow analysis for the inline measurements. Wiener filtering for image restoration is presented. The estimation of the Wiener filter parameters is discussed. An algorithm for segmenting fibers is proposed and its feasibility as a part of on-line measurements is studied. Experiments concerning the effect of the Wiener filtering on the performance of the segmentation algorithm are presented and discussed.
Imaging and image processing
The images of flowing low-consistency pulp used in this article were taken from within a pilot process in LUT FiberLaboratory in Savonlinna. The camera used was a Guppy F-046B, manufactured by Allied Vision Technologies. The 8.3 µm × 8.3 µm CCD-cells of the camera could produce a maximum of 780 × 582 pixel images with a framerate up to 49.4 frames per second [1] . As the in-line environment of papermaking process offers limited or no accessibility for a camera with a normal lens, the camera was fitted to a Richard Wolf borescope with a video lense from the same manufacturer.
To improve the contrast of the fibers, they were processed with an agent that radiated fluorescent light. One of the pulp images for testing the fiber segmentation algorithm is presented in Fig. 4 .
Wiener filtering
Wiener filtering is an inverse filtering method that takes the statistical characteristics of image noise into account. Both the image and image noise are considered as random variables and the undistorted image f is estimated by minimizing the mean square error between the undistorted image and estimated image. [5] The error measure for the mean square error is calculated from
where e 2 is the squared error,f the estimate of the undistorted image and E{ · } is the expected value of the argument [5] . The degraded image is defined as g = h(f + N ), where h is the point spread function and N the additive noise in the image.
The noise-to-signal ratio (NSR) required for the filtering is rarely known, but it can be approximated by a constant [9] . Replacing NSR with constant γ, the frequency representation off minimizing the error function in Eq. 1 is gained fromF
where H is the frequency domain representation of the point spread function of the whole system and G the frequency domain representation of the degraded image. [5] The parameters required for the filtering are now reduced to point spread function H and the constant estimating the noise-to-signal ratio γ.
Estimation of point spread function
The point spread function of a camera can be estimated from images with a sharp edge [8] . The location of the edges present in an image is derived by performing Canny edge detection [3] and performing connected component analysis on the found edges.
To find a proper estimate for the edge, RANSAC (Random Sample Concensus) [4] is used to find the line represented by the edge pixels. A number of edge profiles are taken along the line, five pixels from both sides of the edge. The mean edge profile is calculated and normalized between [0 1] by
where p i is the i:th intensity value of the mean edge profile, p max is the maximum value of the mean profile, p min the minimum and Z i the normalized profile value.
The normalized values are compared to an ideal, infinitely sharp edge p ideal , positioned at the center of the normalized profile. The ideal edge depicts an instant transition between the edge and non-edge pixels. In practice, the ideal edge cannot be achieved for normal or high-resolution cameras as it would require alignment of the edge target and the camera CCD-cells, and perfect illumination conditions. Thus, this method of estimation always yields some amount of point spread.
The directional point spread estimates e x and e y are calculated as |p x − p ideal | and |p y − p ideal |, respectively. The point spread function matrix M psf is calculated from the column vectors e x and e y by
Estimation of noise-to-signal ratio Murphy et al. [7] present two suitable methods to estimate the noise in an image. Taking a large uniform area of the image, the noise can be measured as the standard deviation of the intensity values of the area. Another approach is to take two images of the same target, subtract one image from the other and calculating the standard deviation of the difference. This method can be improved by increasing the number of images taken and subtracting the mean image from each of the original ones.
With the statistical characteristics of the noise known, an estimation of the mean noise-to-signal ratio (NSR) can be calculated for the images from
where σ(u) is the standard deviation of the undistorted image (i.e. the mean image of the set) and σ(n) is the standard deviation of the noise [2] . As the environmental conditions are expected to remain constant for the duration of image acquisition and the noise is assumed to be caused mainly by characteristics of the camera, the NSR is expected to remain approximately the same regardless of the imaged target. However, as temperature and other environmental factors may change over time in the process environment, reestimation of the noise model may be required from time to time.
Estimation result The sharp edges for estimating the PSF were produced in the image with two thin razors imaged from the distance of 380 mm (see Fig. 1 ). It was assumed that the thin edges can be accurately represented by straight lines to the accuracy of 780 × 582 pixels captured by the camera. Fig. 2 shows the estimated edge profiles. A visual representation of the PSF estimated from the given images is shown in Fig. 3 . The noise caused by the camera, measured over ten images, was normally distributed (see Fig. 3 ) with zero mean and standard deviation of 0.0032. The Lilliefors test [6] , a statistic test for determining if data is normally distributed when the mean and variance must be estimated from the sample, was performed on the noise model of each image. The test suggested that the models are normally distributed with the probability of 99.9 %. 
Fiber segmentation
The approach for detecting the fibers is summarized in Algorithm 1. Due to poor performance of standard edge detection filters, the initial segmentation of fibers is done by a set of filters designed specifically for the images in Fig. 4 . The filter assumes the fibers to manifest as long, thin objects in the images, with intensity higher than the background. While there is a loss of generality due to the resolution dependency of the filter set, the designed filters supercede the traditional edge detection filters in performance. The filter set is generated by rotating the filter • both clockwise and counter-clockwise to produce the filters for diagonally positioned fibers, and by rotating M by 90
• for detecting horizontal fibers. Before integrating the filter responses, any response below the mean intensity of the image is removed to reduce false responses. Connected component analysis is performed on the remaining responses to form objects depicting the fiber segments. Objects with area below t 1 are removed as noise (Step 4).
Binary thinning, i.e. the iterative removal of the outer edge pixels of an object, is performed in Step 5. The segments with a width of single pixel are disconnected by removing any branch point on the single pixel wide path of a fiber segment. This results in a number of objects with an area of only one or few pixels. These objects are considered as noise and removed, while the remaining segments are given individual labels.
The area around the endpoints of each labeled segment is investigated. If an endpoint with a different label is found, a polynomial curve of degree n is fit to all pixels of both labels. The standard deviation of the error between the datapoints and the fitted curve is calculated. If the error is below a threshold t 2 the segments are considered to belong to the same fiber and are given the same label.
In the case of multiple nearby labels, the curve is fit to the segment containing the investigated endpoint and to the pixels of all the labels in turn, and the curve between the label with least error in the fit is tested against the threshold.
Objects with pixel area remaining below t 3 after connecting the segments are removed. The segmented fibers, can be seen in Figures 5.
Experiments and discussions
The presented segmentation method was applied to the set of 6 images, one of which is presented in Fig. 4 . Using the first image the following parameters of the algorithm were defined: t 1 = 40, t 2 = 5, t 3 = 30 and n = 3. The method correctly classified reasonably difficult cases. In Fig. 6d a closer look is taken at several typical situations the method faces when deciding if segments close to each other should be classified as one fiber. Fig. 6a shows a simple case of joining the segments of a straight fiber. In Fig. 6b the mean interpolation error of the curve fit to the pixels of the two long segments is too large and the segments are classified as separate fibers. A more difficult case is shown in Fig. 6c , where the segments of the two straight fibers are connected, while the two fibers are classified as separate and the segments of one fiber are not classified as a part of the other. One of the most difficult cases is shown in Fig. 6d , where a straight fiber in several segments is overlapped by a curved fiber in two segments. For this instance, the method correctly classifies the overlapping fibers.
The effect of edge sharpening by the Wiener filter on the performance of the fiber segmentation method was tested on the same set of six suspension images. The output of the segmentation algorithm was referenced to a visual estimation of the correct fibers in the image. While the visual estimation was done by a non-expert, the fibers in the used pulp images are salient enough to assume a reasonable accuracy for the estimation.
The results of the segmentation were divided in to three categories: detected fibers (det.) with most of the fiber segments were found and correctly labeled, partly detected fibers (par.) with a part of the fiber detected, but missing segments, and incorrect (inc.) with wrong segments joined or noise segmented as fiber segment. The number of fibers (num.) was manually estimated for each image to provide ground truth for the segmentation result.
Filtering the image with Wiener filter resulted in an increase of detected segments in all categories. The amount of complete fibers detected was significantly increased along with the amount of the more obscure fibers partially found. While there was some increase in the false filter responses detected as fiber segments, most of the final false segments were relatively small and could be removed by pixel area based thresholding, although at the cost of small true segments.
The results of the segmentation are shown in Tab. 1. The Matlab implementation of the segmentation algorithm was tested on a desktop computer with two Intel Pentium 3.00 GHz processors and 2.0 GB of memory. On the average, the method performed the segmentation for the unfiltered images in approximately 0.56 seconds. When performing the algorithm on filtered images the segmen- 
Future work
The segmentation of the fibers is the first step in in-line measurements. There is still demand for tracking the fibers to determine the flow, classification of the fibers and further study of the process based on the measurements. Methods for studying the formation and behaviour of the fiber web are also of interest.
Conclusion
While the in-line measurements of paper making process are difficult due to restrictions to the location of the camera and positioning of the light, the benefits are significant. In this work, a method for segmenting fibers from pulp suspension images was presented, along with methods for estimating the point spread function and the noise-to-signal ratio for constructing the Wiener filter. The improved sharpness of the image after Wiener filtering significantly improved the performance of the fiber segmentation algorithm.
